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Background The DHS wealth index − based on a statistical technique known as prin-
cipal component analysis − is used extensively in mainstream surveys and epidemio-
logical studies to assign individuals to wealth categories from information collected 
on common assets and household characteristics. Since its development in the late 
nineties, the index has established itself as a standard and, due to its ease of use, has 
led to a large and welcome increase in the analysis of inequalities. The index is, how-
ever, known to present some serious limitations, one being a bias towards patterns 
of urban wealth: the so-called “urban bias”.
Methods We use 10 data sets − 5 MICS (Multiple Indicator Cluster Survey), 4 DHS 
(Demographic and Health Survey) and one HBS (Household Budget Survey) − to 
demonstrate that urban bias continues to be a prominent and worrying feature of 
the wealth index, even after several methodological changes implemented in recent 
years to try to reduce it. We then propose and investigate an approach to improve 
the performance of the index and reduce the urban bias. This approach involves the 
use of ordinal rather than dummy variables, of a polychoric instead of a product-mo-
ment correlation matrix, and the use of two principal components rather than one. 
These approaches are used jointly to produce the polychoric dual-component wealth 
index (P2C).
Results The P2C index enables a larger proportion of the variance of the asset vari-
ables to be accounted for, results in all assets contributing positively to the wealth 
score, exploits added analytical power from ordinal variables, and incorporates the 
extra dimension of wealth expressed by the second principal component. It results 
in a better representation of typically rural characteristics of wealth and leads to the 
identification of more plausible distributions of both the urban and rural populations 
across wealth quintiles, which are closer to expenditure quintiles than the standard 
DHS index.
Conclusions The P2C wealth index can be easily applied to mainstream surveys, such 
as the MICS and DHS, and to epidemiological studies; it yields more credible distri-
butions of rural and urban subpopulations across wealth quintiles. It is proposed as 
an alternative to the DHS wealth index.
Cite as: Martel P, Mbofana F, Cousens S. The polychoric du-
al-component wealth index as an alternative to the DHS index: 
Addressing the urban bias. J Glob Health 2021;11:04003.
Equity
Since the dawn of the 21st century, equity has received ever increasing attention from 
public institutions, and the programmes of most development agencies are now char-
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focus on issues of equity and adjusted its organizational efforts to address the poorest and most underserved 
children and communities, considering this strategically right both in principle and in practice [1]; its current 
slogan “for every child” testifies that such is still its position today. The World Bank holds that no society can 
achieve its potential or meet the vast challenges of the 21st century without the full and equal participation of 
all its people [2], and focuses explicitly on the condition of the “bottom 40%” of the populations. The Count-
down to 2015 motivated intense scrutiny on equity in health [3,4] and in other sectors. Above all, perhaps, 
the sustainable development goals (SDGs) on which all countries of the world are currently focused amply 
demonstrate the central position that the international community currently gives to equity in development [5].
DHS index
While the multifaceted nature of poverty cannot be denied, the analysis of service utilization and development 
outcomes by categories of material wealth in diverse populations and groups is an important step in assess-
ing equity. This obviously requires a valid measure of socioeconomic status (SES). Collecting reliable data on 
household income or expenditure, as a measure of SES, is time consuming and can be difficult in some set-
tings [6-9]. Further, such burdensome methods do not lend themselves to easy inclusion in most surveys. In 
1998, Filmer and Pritchett developed an approach to calculating a wealth index [10,11] based on a list of assets 
and household characteristics. The index is widely known as the “DHS wealth index” and will be referred to 
as such in this article. After its conceptualization, the DHS index was rapidly adopted by mainstream surveys 
such as the Demographic Health Survey (DHS) [12] and the Multiple Indicator Cluster Survey (MICS) [13]. 
It has also been used in many epidemiological studies, as well as national and sub-national surveys as mea-
sure of SES, leading to a large and welcome increase in the analysis of inequalities. While other methodologies 
have been proposed [9,14,15], some showing performances similar to the DHS index, the latter received such 
strong institutional support that it has become a standard. Several studies have compared the DHS index to 
conventional measures of income and consumption expenditure [12,14,16-21]; most show agreement to be 
moderate at best. A recent review by Poirier et al. [9] concludes that wealth indices based on household as-
sets are measures of household SES that are “valid but distinct” from income and consumption measures. It is 
further argued that a wealth index based on assets acquired over time rather than on current, sometime high-
ly variable, income/expenditure, may well better relate to behaviour patterns established over years, which is 
what household surveys often try to measure [9].
PCA
The construction of the DHS index is based on a statistical technique known as principal component analysis 
(PCA) [22-24]. PCA is generally regarded as a data reduction technique, permitting the reduction of often large 
sets of correlated variables into a smaller number of independent variables. This can help to identify patterns of 
association that may not be easily discernible in the original set of variables. The technique is commonly used 
in such areas as market research, genetic mapping, face recognition and image compression where the objec-
tive is to extract basic patterns from a multiplicity of correlated variables [22,23]. The first principal component 
typically captures a relatively small proportion of the total variance of the variables being analysed and the goal 
is generally to find the smallest possible set of principal components that captures an adequate proportion of 
total variation. Thus, PCA is most useful when variables being analysed are strongly correlated with each oth-
er [8,21,22], and when the first few principal components capture a sizeable proportion of the total variance.
Is the first principal component of the PCA sufficient?
The DHS index relies, however, exclusively on the first principal component of the PCA based on which each 
household is allocated a score; household members are then assigned to wealth categories, usually quintiles, 
as per the score of the household in which they live. Using an approach such as PCA to address the problem 
of characterizing wealth based on a number of assets and household characteristics is conceptually appealing, 
but one might question whether the first principal component is all that is needed to capture the key aspects 
of wealth. Although Filmer and Pritchett clearly state that it is uncertain if the first principal component alone 
contains all the information relevant to a wealth index [11], they were presumably motivated by a desire to 
keep the method as simple as possible. Further, they encountered difficulties in explaining second and higher 
order components, even when they had relatively high variance [11,25]. After including higher order com-
ponents in a multivariate regression analysis, they concluded that their results were robust to including addi-
tional components [8,11]. Nonetheless, some researchers have questioned this approach. Ward [26], while 
using only the first principal component in his analysis, notes that the second principal component appears to 
represent the rural structure of wealth and suggests that future research should look into the possibility of us-
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ing higher-order principal components in the construction of wealth indices. Sharker et al. [21] also conclude 
that the first principal component may fail to incorporate correctly the contribution of all asset variables or to 
explain enough variability to ensure a correct classification of the subjects.
Dummy variables in PCA
Yet another noteworthy aspect of the DHS method [27,28] is that categorical variables are converted into sets 
of binary (dummy) variables before performing the PCA. While it would usually be inappropriate to use the 
original codes of categorical variables – such as water source, type of toilet facility, materials for roof, walls 
and floor, etc. – directly in a PCA, it would nonetheless seem desirable to recode the categories sequentially 
from those involving fewer resources to those involving more. Filmer and Pritchett do not specifically ex-
plain in their original article [11] why they convert ordered categorical (ordinal) variables into binary vari-
ables. Presumably, this is to avoid making subjective judgements about the “wealth order” of the categories. 
However, using several binary variables to represent a single asset – an approach commonly used in regres-
sion analysis – is not as innocuous in PCA as it may appear. Kolenikov and Angeles [29,30] demonstrate that 
using (dummy) indicator variables in PCA construction of indices introduces spurious correlations if there 
are more than two categories for a variable, in addition to losing any ordinal information that applies. They 
propose instead the use of ordered categories, where they apply, and recommend the use of the polychoric 
[31-33] in place of the usual Pearson moment correlation matrix in the PCA. In this article, we will use the 
term “polychoric” generically to refer to tetrachoric (between two binary variables), polychoric (between two 
categorical variables) and polyserial (between a categorical and a continuous variable) correlations.
While the approach proposed by Kolenikov and Angeles has been used by some analysts [26,34,35], it has not 
been widely applied so far. Poirier et al. [9] reviewed studies which compare the performance of a polychoric 
PCA against the usual DHS index approach. They find that, while the two approaches are generally similar 
when compared to consumption and income measures, they diverge at the lower end of the SES spectrum. 
They conclude that there is a strong case to be made for the superiority of the polychoric PCA given that it 
overcomes the challenges relating to variable types and overcomes issues of “clumping” through greater dis-
criminatory power at the lower end of the SES spectrum in the first principal component.
Urban bias
Finally, the DHS index is known to be biased in favour of patterns of urban wealth: the so-called “urban bias” 
[19,36]. Because wealth tends to be concentrated in cities, the orientation of the axis of the first principal com-
ponent is strongly influenced by aspects of wealth that are typically urban. Predominantly rural patterns of 
wealth, such as the ownership of agricultural land and domestic animals, tend to be poorly expressed along 
that axis. In fact, it is not uncommon to see negative coefficients for such items which, if used in the calcula-
tions, would effectively lower the wealth scores of households owning such assets. This would be equivalent 
to asserting, for example, that the more goats a farmer owns, the poorer s/he is, which clearly makes no sense. 
The methodology used to construct the DHS wealth index has benefitted from several developments over the 
years in an effort to improve its performance [28]. However, as will be shown in this article, the problem of 
the urban bias is still very prominent and justifies further research to address it effectively.
Adequately capturing both urban and rural patterns of wealth is of considerable importance as the DHS in-
dex is very widely used in equity analyses [37] and for policy making. For example, the World Bank used 
the index in a detailed analysis of socio-economic differences in health, nutrition and population in 56 de-
veloping countries [38], and many other studies have been published making use of this index. The validity 
of the conclusions drawn from such studies is placed in question if the measure of wealth on which they are 
based is systematically biased.
METHODS
In this paper, we propose a new asset-based wealth index using: a) a similar set of assets as for the typical DHS 
index but in which categorical variables have been converted into ordered categorical (ordinal) variables, to 
harness additional discriminatory power and avoid the questionable use of multiple binary (dummy) variables 
to represent a single asset; b) squared multiple correlations (SMC) to remove variables weakly correlated with 
asset-based wealth and thus reduce “noise” in the PCA; c) a polychoric PCA, as methodologically more sound 
than a standard PCA for this application; and, most importantly, d) two principal components, instead of one, 
to take better account of key characteristics of rural wealth and redress the urban bias. We call this index the 
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First, in a detailed example, we apply the P2C index on the Mozambique 2008 MICS – a survey in which two 
of the authors were closely involved and which motivated this research. We then present P2C results for 8 ad-
ditional surveys and compare them with those of the DHS index and, in the case of Mozambique, with total 
expenditure. We end with a discussion on the merits of the new approach and potential policy implications. 
All statistical calculations presented in this paper were performed using STATA [39]. A STATA routine to cal-
culate the P2C index is provided with this paper (P2C routine in the Online Supplementary Document).
Conversion of categorical into ordered categorical variables
As already mentioned in the Introduction, Kolenikov and Angeles [29,30] have shown that the conversion of 
categorical into indicator variables, as done in the DHS index, introduces spurious correlations and, conse-
quently, artificially modifies the orientation of the axes of the principal components. While it can be argued 
that ordering the categories of such variables as type of roof or toilet facilities introduces an element of sub-
jectivity, in many instances this is minimal. For example, the relative cost/value of different types of floor, roof 
and wall materials, is usually well known. Furthermore, categories that are difficult to tell apart (in terms of 
comparative value) can be kept together in a joint category without invalidating the exercise. Regrouping cate-
gories thought to be of similar “value” is, in any case, regularly done during the calculation of any asset-based 
wealth index. For example, walls made of cane, palm or trunk were regrouped into a single answer category 
in the Mozambican MICS questionnaire, as is regularly done in typical surveys, on the assumption that they 
represent similar kinds of investments. Ownership of a car or a truck (obviously from a wide range of market 
prices) was also recorded in a single answer category in that questionnaire and there are numerous other such 
examples. Consequently, the proposition being made here, to classify various forms of a given asset into or-
dered categories, is a simple and logical extension of the method already in use in typical surveys.
Squared multiple correlations
The PCA approach to calculating a wealth index is based on the assumption that each variable used in the 
analysis contributes information towards the asset-based wealth construct we are trying to measure. This is 
important because there is nothing other than the correlation (or shared variation [22]) between the variables 
to make this a wealth-oriented PCA. Variables that are not at all or only weakly related to asset-based wealth 
may add noise to the model and shift the axes of the principal components. It is best to leave such variables 
out of the analysis. The DHS and MICS do not use a fixed set of assets to calculate the wealth index, even 
though a core list is used as a starting point. Those who plan these surveys are urged to enlarge the basic list 
with assets they (subjectively) believe might help characterize wealth (or poverty) in their specific context. In 
practice, analysts calculating the DHS index commonly remove from the PCA variables that seem to perform 
counter-intuitively or appear to contribute little to the first principal component in order to achieve a satisfac-
tory value (such as 10% or more) of its explained variance. This step relies largely on the judgement and ex-
perience of the analyst [27].
In an effort to reduce the arbitrariness of this process and make our method more replicable, we use squared 
multiple correlations (SMC) to screen variables for exclusion from the PCA as proposed by some analysts [23]. 
This is equivalent to calculating R2 in a regression of each variable on all the others. There is no established cut-
off point below which a variable can be marked out as a weak contributor to a PCA. In this paper, we arbitrarily 
decided to use the value 0.05 as cut-off, ie, to exclude variables for which less than 5% of the variation can be 
explained by all the others jointly. It should be noted that once some of the variables have been removed a new 
SMC run must be performed in order to verify the squared multiple correlations of the smaller set of variables.
Polychoric PCA
The reader is referred to the Introduction of this paper for the methodological justification for this approach in the 
literature. We provide below for the interested reader some technical details on the polychoric PCA as used here.
In the context of calculating a wealth index, the ordered categories of roofing material for example (from 
cheapest to most expensive) can be viewed as a discrete manifestation of an underlying (unobserved) contin-
uous variable representing the “value” of the roof. The (standard) Pearson correlation coefficient tends to un-
derestimate the strength of correlations in such cases while, conditional on some distributional assumptions, 
the polychoric correlation coefficient generally performs better. A simple example demonstrates this. Using 
any statistical software, generate 100 000 random values from a normal distribution with mean zero and unit 
standard deviation, and call this variable X. Let Y = X + 1. The variables X and Y are, by construction, perfectly 
correlated and Pearson correlation coefficient for X and Y is “1”. Let X’ take the value “1” if X > 0 and “0” oth-
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erwise, and do similarly for Y. Pearson correlation coefficient for X’ and Y’ is now only around 0.4, suggesting 
a rather weak correlation between the two variables. The polychoric (or tetrachoric in this case) correlation 
coefficient for X’ and Y’, however, is still “1”, reflecting the perfect correlation that exists between the two un-
derlying continuous variables. Because PCA results depend essentially on the correlation matrix of the selected 
variables, the type of correlation used can have a marked effect on the results, as will later be demonstrated.
In the usual approach to the calculation of the DHS wealth index, the PCA is based on the correlation matrix 
of the variables included in the analysis, each categorical variable having previously been converted into a set 
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In the approach proposed in this paper, however, categorical variables are converted into ordinal (not dum-
my) variables. This results in a smaller p’ × p’ correlation matrix C’. For individual elements C’
j,k
 of this matrix, 
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dinal variables with three or more categories (or a mix of binary and ordinal variables), a bivariate ordered 
probit routine is used to estimate ρ. In practice, the proportion of answers in each binary/ordered category is 
used to estimate, through a probit transformation, one or more thresholds over the latent continuous variable 
each binary/categorical variable is conceived to represent. The correlation coefficient between each pair of la-
tent variables is then estimated by maximizing the likelihood function conditional on the threshold estimates. 
When x
j
 is binary or ordinal and x
k
 is continuous (or vice versa), a special routine implements a modification 
of the above approach in which the variance of the continuous variable is estimated directly from the sample 
while the binary/ordinal variable is viewed as deriving from a latent standard normal distribution. We end up 
with a hybrid correlation matrix obtained by combining the pairwise estimates of the polychoric, polyserial 
and moment correlations, on which the PCA is implemented in the usual manner by finding the eigenvectors 
for the estimated correlation matrix. In this analysis, we use the STATA command polychoricpca developed by 
Kolenikov and Angeles.
In terms of computational time, we ran the polychoricpca procedure on the Mozambican data set in 3.8 min-
utes using STATA version 16 on a 64-bit computer equipped with an Intel® Core i-5 2.30 GHz CPU. While 
this is longer than the time used by the standard “pca” command, which runs in less than one second, it seems 
nonetheless reasonable for common analytical purposes.
Two principal components
The final innovation of the approach we propose is the use of two principal components. It is worth once again 
emphasizing that using a single principal component, as done for the DHS index, is very unusual in PCA anal-
yses. The goal of PCA is normally to identify the smallest possible set of principal components that captures 
an adequate proportion of total variation, and it is seldom the case that the 1st principal component, on its 
own, achieves that goal. Various methods have been proposed to identify the most meaningful set of principal 
components, including scree plots, which plot the variance accounted for by each principal component from 
the largest to the smallest. Scree plots are often used in PCA to determine by visual inspection which principal 
components contribute importantly to the analysis and should be retained. This is done by identifying the point 
on the graph where the decline in eigenvalues switches from roughly exponential to roughly linear [22,41].
Noting from our own observations and the literature [26] that the 2nd principal component in an asset-based 
polychoric PCA seems to express critical aspects of rural wealth, which would be potentially useful in redressing 
the urban bias suffered by the DHS index, we developed an approach to incorporate the first two principal com-
ponents in the P2C index. We have not found elsewhere in the literature direct references to such an approach, 
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The score vectors of a PCA – ie, the z-scores, following the terminology used Jackson [42] – are orthogonal 
(at 90°) to each other and uncorrelated. This is exactly true only for a standard PCA. In the case of a polycho-
ric PCA, however, because the correlation matrix is based on the latent (continuous) variables that the bina-
ry and categorical asset variables are conceived to be derived from, the resulting score vectors are not exactly 
orthogonal, since they are estimated on the asset categories and not on the (unobserved) latent variables, as 
they would have to be if we were to obtain strictly orthogonal score vectors. Nonetheless, the principles are 
the same and the suggested approach remains a rational way to obtain the combined scores, as it would be in 
the case of a standard PCA.
If we project the scores of the first two principal components on a line 45° from their respective axes, we get 
a vector combining information proportionately from the two principal components; we call this new vector 
the “combined vector”. The amount of “information” in a PCA depends on the proportion of the total vari-
ance captured by each component, and the first component being always the one with the largest variance, 
the larger the proportion of the total variance captured by the 1st principal component in relation to the 2nd, 
the larger will be its contribution to the scores of the combined vector, which is exactly what we wish to have.
The operation described above corresponds to a rotation and is achieved by multiplying the matrix of the score 
vectors of the first two principal components by the following orthogonal rotation matrix:










where θ is the clockwise angle of rotation of the axes, here 315° (45° counterclockwise) [22].
Rotations in PCA and factor analysis have been abundantly discussed in textbooks and literature [42]. In this 
case, since we retain only one axis (running through the 1st and 3rd quadrants), we effectively use only the 1st 















 are the scores of the 1st and 2nd principal components.







which is a simple addition of the scaled scores of the first two principal components. Because the scaling fac-
tor (0.7071) is identical for the two components, and because in a wealth index application we are essentially 
interested in the relative order of the scores rather than their absolute value, a simple addition of the unaltered 
first two principal component scores achieves the very same objective.
An example of the above described method is presented below, using the Mozambique 2008 MICS data 
set. Figure 1 presents the scree plot from a polychoric PCA on the asset variables later presented in this 
article. We see that the curve flattens from the 3rd principal component onward. This suggests that the first 
2 principal components capture the substance of the shared variation between the asset variables. The re-
maining 20 principal components can be regarded as “noise”. 
Over a total variance of 22, the eigenvalue of the 1st principal 
component (pc1) is 10.1 and that of pc2 2.6. Thus, the first 2 
principal components capture (explain) 58% of the total vari-
ance – or total information – in this PCA. This justifies using 
the first 2 principal components in the analysis.
Figure 2 offers a graphic presentation of the method used to 
combine the scores of the first two principal components (x 
and y axes) along a single rotated axis (long-dashed line). A 
sub-sample of the data was used in order not to overload the 
graph. Two examples are shown (short-dashed lines) on how 
the data points project perpendicularly on the rotated axis. 
Table 1 presents the numbers related to this method for the 
first and last 10 observations of the Mozambican data set. The 
table demonstrates that the ranking of observations based on 
a simple addition of the original pc1 and pc2 scores is identi-
Figure 1. Scree plot of eigenvalues after a polychoric PCA, Mo-
zambique MICS 2008.
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cal to that based on the combined scores on the rotated x-axis. It can be 
demonstrated that the same procedure can be validly applied to combine 
3 or more principal components if desired. Thus, if in a particular case 
the first two principal components were judged to capture too small a 
proportion of the total variance, it would be straightforward to add the 
third principal component if desired.
Choice of data sets
The main approach used in this paper to investigate the urban bias is to 
look at the distribution of the wealth quintiles in large urban centres. 
Countries use different criteria to classify localities as being urban or 
rural; often, a population size criterion is used. However, populations 
classified as “urban” often contain a mix of urban and sub-urban popu-
lations, and sometimes a non-negligible proportion of typically rural pop-
ulations practicing agriculture and animal husbandry. One of the authors 
remembers standing in the middle of a large corn field during a survey 
and wondering on what basis the Office of Statistics had classified that 
enumeration area as urban. It becomes difficult to demonstrate the urban 
bias when the so-called urban population is so heterogenous. Large cities, 
however, tend to comprise populations that are more uniformly urban in 
character. We also know that poverty is prevalent in practically all large 
urban centres, particularly in low- and middle-income countries. We pre-
sume that there is a strong urban bias when we find an almost complete absence of populations assigned 
to the lower wealth quintiles in large urban centres; conversely, we presume that the urban bias is negligi-
ble when urban poor (urban populations assigned to the lowest wealth quintiles) are in proportions more 
consistent with economic indicators and common sense. For this reason, the availability of data on at least 
one large urban centre, as a domain of analysis built into the design of the survey, was one of the criteria for 
the selection of the data sets used in this paper. Further, because an important objective of this paper is to 
demonstrate that the DHS wealth index continues to be subject to a substantial urban bias even after several 
methodological changes through its history [28], and to demonstrate that the P2C index addresses such bias, 
we selected surveys over a sufficiently long time period in order to include DHS wealth indices based on the 
older (single PCA) and more recent (composite: combining urban and rural PCAs) DHS approaches [27,28].
Figure 2. Orthogonal counterclockwise 45° axis ro-
tation in PCA, Mozambique MICS 2008 data set 
(sub-sample*). *Sub-sample: the first household of 
each one of the 715 clusters of the survey.
Table 1. Scores of 1st and 2nd principal components (original and rotated) and ranking, Mozambique MICS 2008 data set
Observations z1: z-scores for pc1
z2: z-scores 
for pc2
z1r: z-scores for 
rotated pc1




z1 + 2: simple addition 
of z1 and z2
ranking 
on z1 + 2
1 -0.60 0.28 -0.22 0.62 6248 -0.32 6248
2 1.66 -0.05 1.13 -1.21 10 934 1.60 10 934
3 0.04 -0.06 -0.01 -0.06 7438 -0.02 7438
4 0.95 -1.20 -0.17 -1.52 6488 -0.25 6488
5 3.18 -0.41 1.96 -2.54 12 317 2.77 12 317
6 0.37 0.09 0.33 -0.20 8742 0.46 8742
7 1.12 -0.11 0.72 -0.87 9994 1.01 9994
8 0.73 -0.66 0.05 -0.98 7686 0.07 7686
9 -0.37 -0.54 -0.64 -0.12 4388 -0.91 4388
10 3.72 -0.74 2.11 -3.15 12 502 2.98 12 502
…
13,946 2.92 -0.91 1.43 -2.71 11 458 2.02 11 458
13,947 2.83 -0.89 1.37 -2.63 11 400 1.94 11 400
13,948 2.83 -0.89 1.37 -2.63 11 401 1.94 11 401
13,949 3.66 -0.36 2.33 -2.84 12 738 3.30 12 738
13,950 3.96 0.09 2.86 -2.74 13 230 4.05 13 230
13,951 3.07 0.32 2.40 -1.94 12 802 3.39 12 802
13,952 -0.29 -1.25 -1.08 -0.68 2448 -1.53 2448
13,953 3.43 -0.96 1.75 -3.11 12 023 2.47 12 023
13,954 -0.23 -1.08 -0.93 -0.60 3075 -1.31 3075
13,955 -0.26 -0.88 -0.81 -0.44 3478 -1.14 3478
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RESULTS
A detailed example: the Mozambique 2008 MICS
Table 2 shows the estimated distribution of the Mozambican population according to standard (DHS) wealth 
quintiles as compiled for the MICS 2008 [43]; this wealth index was calculated from a single PCA as was the 
standard approach at the time. In Maputo City, we note a complete absence of individuals in the lowest three 
quintiles, and a mere 4% in the 4th quintile, leaving 96% of the capital’s population in the highest (wealthiest) 
quintile; this is a typical example of urban bias and it motivated the authors to undertake this research. Simi-
lar patterns for Maputo City are observed in the Mozambican DHS 2003[44], DHS 1997 [45] and DHS 2011 
[46] (data not shown).
Table 2. Distribution of the population by DHS wealth quintiles — Mozambique MICS 2008
Sub-population n
DHS wealth quintile (individuals)
1st (poorest) 2nd 3rd 4th 5th (wealthiest)
Overall 65 524 20.0% 20.0% 20.0% 20.0% 20.0%
Urban 29 403 4.2% 6.6% 11.4% 24.7% 53.0%
Rural 36 121 27.7% 26.4% 24.2% 17.7% 4.0%
Niassa 5176 20.2% 27.3% 30.8% 14.9% 6.9%
Cabo Delgado 5156 17.0% 32.5% 30.0% 15.6% 5.0%
Nampula 6421 26.3% 22.5% 23.8% 15.9% 11.5%
Zambézia 6577 42.9% 24.6% 17.1% 11.8% 3.6%
Tete 5313 24.3% 29.3% 27.3% 14.8% 4.3%
Manica 5725 18.1% 23.5% 28.5% 18.1% 11.8%
Sofala 7394 16.9% 20.4% 18.6% 18.7% 25.4%
Inhambane 5258 5.5% 11.0% 19.8% 45.7% 17.9%
Gaza 5943 1.7% 4.5% 12.0% 52.9% 28.9%
Maputo Prov. 5451 0.6% 2.1% 4.3% 28.3% 64.6%
Maputo City 7110 0.0% 0.0% 0.0% 4.2% 95.8%
MICS – Multiple Indicator Cluster Survey, DHS – Demographic and Health Surveys, n – sample size
Table 3 lists 60 variables from the Mozambican MICS 2008 potentially relevant to a wealth index oriented PCA 
analysis. As is typically done with the DHS wealth index, categorical variables (eg, roof material) have been 
converted into a set of binary variables each expressing a single category. We ran a PCA on these variables. As 
shown in the left portion of the table, the 1st component captures only 15% of the total variance, the 2nd 6%, 
the 3rd 4%, etc. (only the results for the first 3 principal components are shown here in detail for economy of 
space). Examining the eigenvectors of the 1st principal component, we observe that the more strongly posi-
tive coefficients tend to relate to assets characteristic of wealth (eg, cement floor, wall made of cement blocks, 
ownership of a television or a mobile phone, etc.). The more negative coefficients tend to relate to assets char-
acteristic of poverty (earth floor, roof made of thatch or palm leaves, using wood as fuel for cooking, etc.). 
However, there are some odd results as well. For example, the ownership of a bicycle has a negative effect on 
the wealth index score; the coefficients for parquet and ceramic floors are lower than those for bare cement. 
While ownership of cattle carries a positive coefficient (albeit a weak one), the coefficients for goats, sheep, 
pigs and chicken are all negative; this is equivalent to saying that the more sheep a farmer owns, the poorer 
s/he is, which clearly makes no sense. Removing agricultural land and domestic animals from the analysis, as 
was usually done in calculating the original DHS wealth index (with a single PCA), doesn’t markedly affect 
the other coefficients, and barely increases the proportion of the total variance captured by the first principal 
component (data not shown).
Table 3. DHS PCA on binary variables vs standard PCA on ordered categorical variables − Mozambique MICS 2008











Comp. 1 8.79 0.15 0.15 Comp. 1 6.48 0.25 0.25
Comp. 2 3.42 0.06 0.20 Comp. 2 2.14 0.08 0.33
Comp. 3 2.29 0.04 0.24 Comp. 3 1.40 0.05 0.39
Comp. 4 1.90 0.03 0.27 Comp. 4 1.17 0.05 0.43
Comp. 5 1.80 0.03 0.30 Comp. 5 1.09 0.04 0.47
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Comp. 1 Comp. 2 Comp. 3 Comp. 1 Comp. 2 Comp. 3
Persons/sleeping room* -0.045 0.000 0.123 Persons/sleeping room* -0.051 0.124 -0.170
Floor: earth/sand -0.174 0.055 -0.203 Floor 0.319 -0.033 0.083
Floor: dung -0.079 0.043 0.238 …
Floor: rough wood 0.005 0.012 0.003 …
Floor: cement 0.249 -0.222 0.017 …
Floor: parquet/fine wood 0.101 0.333 -0.050 …
Floor: ceramic tiles 0.085 0.164 0.001 …
Roof: thatch/palm leaves -0.267 0.145 -0.028 Roof 0.222 -0.027 0.030
Roof: metal 0.206 -0.264 0.048 …
Roof: calamine/fib.cement 0.093 0.016 -0.010 …
Roof: ceramic tiles 0.035 0.033 0.008 …
Roof: cement 0.130 0.365 -0.054 …
Walls: cane/palm/trunk -0.016 -0.075 -0.054 Walls 0.302 -0.037 0.094
Walls: bamboo & mud -0.101 0.044 -0.083 …
Walls: uncovered adobe -0.108 0.050 0.133 …
Walls: wood/zinc 0.026 -0.055 0.005 …
Walls: cement blocks/tiles 0.267 -0.030 -0.011 …
Fuel: wood -0.265 0.053 0.115 Fuel 0.313 -0.101 -0.006
Fuel: animal dung -0.005 0.002 -0.036 …
Fuel: kerosene 0.005 -0.014 -0.025 …
Fuel: coal 0.010 -0.008 -0.010 …
Fuel: charcoal 0.215 -0.185 -0.098 …
Fuel: LPG 0.145 0.291 -0.038 …
Fuel: electricity 0.066 0.074 -0.005 …
Electricity 0.273 0.028 -0.022 Electricity 0.325 -0.042 -0.031
Radio 0.097 0.021 0.270 Radio 0.125 0.283 -0.407
Television 0.271 0.023 0.019 Television: 0.323 0.010 -0.034
Mobile phone 0.255 -0.076 0.061 Mobile phone 0.287 0.043 -0.020
Non-mobile phone 0.087 0.162 0.006 Non-mobile phone 0.116 0.022 0.020
Refrigerator 0.248 0.140 0.010 Refrigerator 0.310 0.005 0.002
Watch 0.080 0.054 0.225 Watch 0.108 0.244 -0.359
Bicycle -0.058 0.054 0.311 Bicycle -0.051 0.327 -0.442
Motorcycle/scooter 0.063 -0.016 0.159 Motorcycle/scooter 0.082 0.155 -0.133
Animal drawn cart 0.013 -0.006 0.261 Animal drawn cart 0.017 0.305 0.333
Car/truck 0.142 0.219 0.061 Car/truck 0.191 0.083 0.080
Boat with motor 0.016 0.011 0.036 Boat with motor 0.020 0.045 0.140
Agric. land (hectares)* -0.025 0.042 0.158 Agric. land (hectares)* -0.024 0.170 0.006
No. of cattle* 0.013 0.015 0.303 No. of cattle* 0.018 0.372 0.427
No. of goats* -0.006 0.026 0.336 No. of goats* -0.002 0.401 0.228
No. of sheep* -0.002 0.019 0.202 No. of sheep* 0.001 0.228 0.238
No. of pigs* -0.011 0.005 0.236 No. of pigs* -0.013 0.260 0.061
No. of chicken* -0.025 0.036 0.281 No. of chicken* -0.021 0.347 -0.087
No. of ducks* 0.044 -0.034 0.130 No. of ducks* 0.049 0.159 -0.064
Water: surface -0.076 0.051 0.067 Water 0.274 -0.036 0.021
Water: public tap 0.060 -0.111 -0.050 …
Water: neighbour's house 0.108 -0.154 -0.097 …
Water: unprotected well -0.118 0.056 -0.056 …
Water: prot. well − pump 0.018 -0.049 0.017 …
Water: prot. well + pump -0.048 -0.010 0.106 …
Water: rainwater 0.008 -0.025 0.028 …
Water: piped in yard/plot 0.162 -0.015 -0.020 …
Water: piped into dwelling 0.138 0.255 -0.019 …
Water: bottled 0.039 0.147 -0.019 …
Toilet: bush/field/none -0.171 0.110 -0.124 Toilet 0.321 -0.030 -0.007
Toilet: pit latrine − slab -0.014 -0.102 0.158 …
Toilet: pit latrine + slab 0.080 -0.110 0.016 …
Toilet: VIP latrine 0.129 -0.142 -0.046 …
Toilet: flush to septic tank 0.161 0.077 0.000 …
Toilet: flush to sewer 0.118 0.368 -0.058 …
Toilet: flush to unknown 0.004 0.007 0.002 …
MICS – Multiple Indicator Cluster Survey, DHS – Demographic and Health Surveys, PCA – Principal Component Analysis, comp. 1: principal component 1, etc
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Examining the 2nd principal component, it is not easy to make sense of the pattern of wealth it is expressing, except 
that it seems to accentuate some of the very urban and “upper class” characteristics—eg, parquet or ceramic floor, 
ownership of a car, in-house running water—in contrast to more “popular class” characteristics of urban wealth. 
The interpretation of the 3rd principal component is, however, unmistakable, as it loads heavily on rural character-
istics of wealth, eg, ownership of an animal drawn cart, of a bicycle, the number of domestic animals owned, etc.
Having examined the performance of a PCA using the typical DHS approach, we now examine how a stan-
dard PCA performs using ordered categories instead of binary variables, where applicable. The results for the 
Mozambican data set are presented in the right portion of Table 3. We now have 26 variables instead of 60. 
As expected, reducing the number of variables results in an increase in the proportion of the total variance 
captured by the 1st and 2nd principal components (25% and 8% of the total variance respectively). The 1st 
component continues to express poorly typically rural characteristics of wealth with, as before, negative coef-
ficients for some domestic animals. Of note, however, the 2nd principal component now features strong rural 
characteristics, as was observed for the 3rd component of the PCA of the original DHS approach.
Continuing with ordinal variables, Figure 3 shows a scatter plot of 
the coefficients for each variable in the first two principal compo-
nents (sometimes referred to as “loads”). Bicycle, goat, cattle and 
chicken occupy the top left quadrant, making little contribution 
to the 1st, but strong contributions to the 2nd principal compo-
nent. Watch, radio and motorcycle are found near the centre of 
the graph indicating that these wealth characteristics contribute 
fairly equally to the 1st and 2nd principal components. Variables 
such as type of cooking fuel, electricity, toilet type are found in 
the lower right quadrant, making a strong contribution to the 1st, 
but little contribution to the 2nd principal component.
The left portion of Table 4 shows the results obtained when 
running a polychoric instead of a standard PCA with the previ-
ous set of ordered categorical (and a few continuous) variables. 
It is worth noting that, in a polychoric PCA, a coefficient is as-
signed to each category of an asset variable, while in a standard 
PCA there is a single coefficient per variable. This stems from the 
fact that, while a standard PCA operates on each variable as though it were continuous (even when it is not), 
a polychoric PCA considers that each variable category projects on a segment of the distribution of the latent 
(continuous) variable it is conceived to be derived from, each with its own coefficient.
The polychoric correlation approach results in a markedly larger proportion of the variance being explained by 
the first principal component (increased from 25% to 40%), although the number of variables is unchanged 
from the standard PCA analysis using ordinal variables. The second principal component shows a smaller in-
crease in the proportion of the variance explained (from 8% to 10%), and the first two principal components 
now jointly capture 50% of the total variance. The 1st principal component still appears to reflect mainly urban, 
and the 2nd mainly rural, patterns of wealth. Further, for binary (yes/no) variables in this example, when con-
sidering the sum of the coefficients of the first two components, ownership is always associated with a positive 
overall value and non-ownership with a negative value. In the case of variables with more than two (ordered) 
categories, the sum of the coefficients of the first two components always increases when moving from a low-
er category to a higher one. For count variables (eg, number of animals owned), the sum of the coefficients of 
the first two components is always positive.
As explained in the Methods section of this paper, we use squared multiple correlations (SMC) to exclude 
variables for which less than 5% of the variation can be explained by all the others jointly, thus retaining in 
the PCA only variables that contribute meaningfully to characterising asset-based wealth and reducing noise. 
In the Mozambican data set, this procedure resulted in the exclusion of 4 variables: number of persons per 
room, boat ownership, agricultural land size and ownership of ducks. The results of a new polychoric PCA 
performed on the 22 retained variables are presented in the right section of Table 4. The 1st principal com-
ponent captures 46% of the total variance of the retained variables and the 2nd component 12%, resulting in 
58% of the total variance being explained by these first two principal components. Judging by the size of the 
coefficients (eigenvectors) of the first two principal components, all 22 variables contribute importantly to at 
least one of the first two principal components. The characterization of the second principal component as 
expressing typically rural aspects of wealth remains valid. Figure 1 shows a scree plot of the eigenvalues from 
Figure 3. Distribution of coefficients along principal components 
1 and 2 of a standard PCA on ordered categorical variables − Mo-
zambique MICS 2008.
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Table 4. Polychoric PCA on a full and retained set of variables after SMC − Mozambique MICS 2008
Polychoric PCA (full set of variables) Polychoric PCA (retained variables)
Components Eigen value Prop. of variance Cumul. prop. Eigen value Prop. of variance Cumul. prop.
Comp. 1 10.27 0.40 0.40 10.13 0.46 0.46
Comp. 2 2.71 0.10 0.50 2.59 0.12 0.58
Comp. 3 1.56 0.06 0.56 1.39 0.06 0.64
Comp. 4 1.38 0.05 0.61 1.02 0.05 0.69
Comp. 5 1.04 0.04 0.65 0.95 0.04 0.73
Variables (ordered categories)
Eigenvectors Eigenvectors
Comp. 1 Comp. 2 Comp. 3 Comp. 1 Comp. 2 Comp. 3
Persons/sleeping room* -0.055 0.131 -0.163 n/a n/a n/a
Floor 1: earth/sand/dung -0.112 0.028 -0.024 -0.113 0.028 -0.048
Floor 2: rough wood 0.219 -0.054 0.047 0.220 -0.055 0.093
Floor 3: cement 0.360 -0.088 0.077 0.363 -0.090 0.153
Floor 4: parquet/tiles/etc. 0.722 -0.177 0.155 0.727 -0.180 0.307
Roof 1: thatch/palm/metal -0.024 0.007 0.005 -0.024 0.007 -0.001
Roof 2: calamine/fibre cement 0.487 -0.151 -0.101 0.492 -0.144 0.027
Roof 3: cement/tiles 0.631 -0.196 -0.132 0.638 -0.187 0.035
Walls 1: cane/palm/mud/adobe -0.090 0.021 -0.042 -0.090 0.024 -0.042
Walls 2: wood/zinc 0.264 -0.063 0.124 0.264 -0.071 0.123
Walls 3: cement blocks/tiles 0.418 -0.100 0.197 0.419 -0.113 0.195
Fuel 1: wood/dung -0.085 0.061 0.050 -0.086 0.059 0.019
Fuel 2: kerosene/coal/charcoal 0.364 -0.258 -0.215 0.369 -0.250 -0.082
Fuel 3: LPG/electricity 0.637 -0.452 -0.376 0.646 -0.437 -0.144
Electricity: no -0.075 0.018 0.015 -0.075 0.018 0.006
Electricity: yes 0.475 -0.114 -0.096 0.479 -0.112 -0.041
Radio: no -0.129 -0.272 0.257 -0.132 -0.295 0.206
Radio: yes 0.124 0.261 -0.247 0.126 0.282 -0.197
Television: no -0.077 -0.001 0.014 -0.078 -0.002 0.003
Television: yes 0.472 0.006 -0.085 0.477 0.011 -0.017
Mobile phone: no -0.119 -0.012 0.015 -0.120 -0.014 -0.017
Mobile phone: yes 0.357 0.036 -0.044 0.360 0.041 0.051
Non-mobile phone: no -0.005 -0.001 -0.002 -0.005 -0.001 0.000
Non-mobile phone: yes 0.647 0.119 0.209 0.647 0.104 -0.027
Refrigerator: no -0.049 0.001 0.002 -0.049 0.001 -0.002
Refrigerator: yes 0.563 -0.016 -0.025 0.566 -0.014 0.029
Watch: no -0.056 -0.121 0.088 -0.057 -0.129 0.123
Watch: yes 0.167 0.362 -0.263 0.169 0.385 -0.367
Bicycle: no 0.033 -0.270 0.157 0.033 -0.283 0.226
Bicycle: yes -0.050 0.404 -0.236 -0.050 0.424 -0.338
Motorcycle/scooter: no -0.011 -0.019 0.000 -0.011 -0.020 0.016
Motorcycle/scooter: yes 0.322 0.587 0.006 0.322 0.596 -0.488
Animal drawn cart: no -0.002 -0.013 -0.013 -0.002 -0.013 -0.001
Animal drawn cart: yes 0.129 0.974 0.971 0.119 0.955 0.109
Car/truck: no -0.016 -0.006 -0.008 -0.016 -0.006 -0.003
Car/truck: yes 0.615 0.238 0.300 0.615 0.222 0.135
Boat with motor: no -0.001 -0.001 -0.003 n/a n/a n/a
Boat with motor: yes 0.321 0.386 1.997 n/a n/a n/a
Agric. land (hectares)* -0.025 0.152 0.005 n/a n/a n/a
No. of cattle* 0.014 0.227 0.209 0.014 0.233 0.491
No. of goats* 0.000 0.285 0.043 -0.001 0.297 0.412
No. of sheep* 0.002 0.143 0.126 0.001 0.150 0.397
No. of pigs* -0.016 0.214 0.114 -0.017 0.218 0.242
No. of chicken* -0.016 0.269 -0.238 -0.014 0.291 0.101
No. of ducks* 0.034 0.109 -0.161 n/a n/a n/a
Water 1: public/neighbour -0.048 0.016 0.008 -0.048 0.016 -0.006
Water 2: piped in yard/plot 0.427 -0.143 -0.073 0.430 -0.140 0.050
Water 3: piped into dwelling 0.618 -0.207 -0.106 0.623 -0.203 0.072
Water 4: bottled 0.885 -0.296 -0.152 0.893 -0.291 0.103
Toilet 1: public/neighbour/field -0.209 0.033 0.044 -0.211 0.033 -0.009
Toilet 2: pit latrine − slab 0.122 -0.019 -0.026 0.123 -0.019 0.005
Toilet 3: pit latrine + slab 0.298 -0.047 -0.063 0.302 -0.047 0.012
Toilet 4: VIP latrine 0.390 -0.061 -0.082 0.395 -0.061 0.016
Toilet 5: without flush 0.487 -0.077 -0.103 0.493 -0.076 0.020
Toilet 6: with flush 0.628 -0.099 -0.132 0.636 -0.098 0.026
*Continuous or count variables. n/a: not available.
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which it is quite clear in this case that the third eigenvalue is where the transition of the curve from roughly 
exponential to roughly linear happens, indicating that in this analysis the first two components both express 
inherent characteristics of asset-based wealth, while the others may be regarded as noise.
We now calculate a wealth score integrating the first two principal components using the approached already de-
scribed in the Methods section of this paper. As usual, wealth scores are first assigned to households and individ-
uals are then allocated the score of their respective household. Transforming these new wealth scores into wealth 
quintiles in our Mozambican data set results in 55% of individuals previously classified as belonging to the poor-
est quintile according to the DHS index being reclassified into higher quintiles of wealth, and 30% formerly in 
the wealthiest quintile being reclassified into lower quintiles (data not shown). Most changes, however, occur in 
the 2nd, middle and 4th quintiles, with about three quarters of individuals being reclassified downward or upward. 
In the urban population 40% of individuals were “downgraded” while 8% were “upgraded”. In the rural popula-
tion 40% of individuals were upgraded, many of them by two or more quintiles, while 25% were downgraded.
The distribution of the Mozambican population using these new wealth quintiles is shown in Table 5. The most 
striking difference between these results and those of the DHS quintiles, shown in Table 2, is with respect to 
Maputo City. The P2C index results in a more plausible distribution of the capital’s population across the wealth 
quintiles, each one of which now has a proportion of the population assigned to them. While only 0.5% of the 
capital’s population falls into the poorest quintile, the second quintile now contains 5% and the middle quin-
tile 7%, where the DHS index previously showed no-one at all. The 4th quintile has increased from 4% to 21%, 
with only 67% of the capital’s population now classified as belonging to the wealthiest quintile, compared with 
96% in the previous estimate. At the provincial level the results of the new approach look credible overall and 
are generally more evenly distributed across the quintiles. In particular, Inhambane and Gaza have more plausi-
ble looking distributions compared with the standard analysis which resulted in improbably large peaks in the 
fourth quintile. Maputo Province too now has more credible proportions of the population in the lower quintiles.
Table 5. Distribution of population by P2C wealth quintile — Mozambique MICS 2008
Sub-population n
P2C wealth quintile (individuals)
1st (poorest) 2nd 3rd 4th 5th (wealthiest)
Overall 65 524 20.1% 19.9% 20.0% 20.0% 20.0%
Urban 29 403 9.5% 13.5% 16.1% 22.5% 38.4%
Rural 36 121 25.3% 23.0% 21.9% 18.7% 11.1%
Niassa 5176 16.8% 22.4% 25.2% 25.7% 9.9%
Cabo Delgado 5156 25.9% 25.5% 26.3% 16.2% 6.2%
Nampula 6421 32.2% 23.2% 19.6% 12.4% 12.6%
Zambézia 6577 26.5% 24.0% 23.5% 20.2% 5.7%
Tete 5313 26.4% 21.4% 20.5% 18.1% 13.7%
Manica 5725 18.9% 19.5% 16.3% 26.1% 19.1%
Sofala 7394 10.1% 17.8% 20.9% 25.7% 25.4%
Inhambane 5258 14.0% 18.6% 19.3% 23.6% 24.5%
Gaza 5943 11.0% 14.6% 14.5% 23.2% 36.8%
Maputo Prov. 5451 6.1% 11.1% 15.7% 22.2% 44.9%
Maputo City 7110 0.5% 4.9% 7.2% 20.5% 66.9%
MICS – Multiple Indicator Cluster Survey, P2C – polychoric dual-component wealth index, n – sample size
In an attempt to validate the proposed method, we compared the wealth quintile distributions derived using 
the DHS and P2C approaches with those based on per capita expenditure derived from the national house-
hold budget survey [47,48] conducted by the National Institute of Statistics of Mozambique in 2008/2009. 
While we do not expect a measure of wealth based on durable assets to be exactly equivalent to one based 
on current expenditure, it would be reassuring if the two were closely related. As shown in Figure 4, the 
distribution of the P2C wealth quintiles is clearly more consistent with that of the per capita expenditure 
measure than the DHS method, especially for the urban population, and for Maputo City in particular. For 
individual provinces, the per capita expenditure quintiles appear consistent with the method proposed in 
this paper (data not shown). Ideally, we would perform an individual-level comparison of each asset-based 
index against per capita expenditure, but suitable individual-level data required to calculate a standard 
wealth index to make such a comparison were not available in the household budget survey. Since a mea-
sure of individual agreement could not be estimated, we calculated a weighted χ2 statistic to compare the 
distribution of each of the asset-based indices with that of expenditure data. This is not an attempt to 
show if differences are statistically significant but rather to use the χ2 statistic as a form of population level 
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measure of agreement between the distributions, large χ2 val-
ues suggesting large distributional differences and vice-versa. 
Comparing the distribution of the DHS index with that of the 
per capita expenditure, we obtain weighted (design-based) 
χ2 values of 18.74, 19.53 and 38.88 for the urban, rural and 
Maputo City distributions respectively – an expression of the 
often large differences apparent in Figure 4. For the P2C in-
dex, those values are 0.96, 0.98 and 0.90 respectively, con-
firming that, at least in the case of Mozambique, the wealth 
quintile distribution arrived at through the method proposed 
in this paper correlates much better with expenditure data at 
sub-population level than does the DHS index.
The effects that such method-related differences in the assess-
ment of socio-economic status have on equity analyses of vari-
ous indicators will depend on how each indicator actually cor-
relates with wealth. We present three examples in Table 6. The 
upper section of the table refers to the percentage of women age 15-49 years giving birth in the last two years 
who were delivered by a skilled attendant. In Mozambique, such services are offered nearly free of charge at 
government hospitals and are thus easily accessed by both rich and poor in large urban centres, while access 
is lower for those in rural areas. Overall, the P2C index shows a relatively high proportion of skilled atten-
dance among the urban poor, while the DHS approach suggests larger inter-quintile differences. With respect 
to the percentage of children weighed at birth, shown in the middle portion of the table, the differences be-
tween the two indices are even more accentuated. Thus, for these two access related indicators, the analysis 
based on the P2C index suggests less inequity than that based on the DHS index, as reflected in the concen-
tration index values (based on the wealth scores) shown in the table. In the case of the percentage of women 
15 to 49 years with secondary education in the lower portion of Table 6 – an indicator also strongly related 
to access but likely to be more dependent on wealth than the two previous ones – while the overall distribu-
tion by wealth quintiles is comparable for the two approaches, the distribution by area is notably different, 
especially for the urban population, with the concentration index values pointing once again at less inequity 
when using the P2C approach.
Figure 4. Distribution of population by DHS, P2C and per capita 
expenditure (Exp.) wealth quintiles − Mozambique 2008.
Table 6. Results of three indicators by wealth quintile, area and concentration index − Mozambique MICS 2008
Women 15-49 age group
Wealth quintiles
All Conc. index n1st (poorest) 2nd 3rd 4th 5th (wealthiest)
Skilled attendant at last delivery
DHS index:
Mozambique – Urban 40.5% 57.3% 69.3% 79.1% 90.6% 78.3% 0.101 1914
Mozambique – Rural 36.1% 43.5% 48.6% 57.1% 78.4% 45.9% 0.112 2990
Mozambique – Overall 36.5% 45.1% 52.6% 66.2% 88.5% 55.3% 0.175 4904
P2C index:
Mozambique – Urban 62.9% 70.9% 76.4% 78.4% 90.3% 78.3% 0.067 1914
Mozambique – Rural 40.3% 44.1% 47.5% 47.7% 58.0% 45.9% 0.058 2990
Mozambique – Overall 44.0% 50.2% 54.3% 58.5% 75.5% 55.3% 0.099 4904
Last child weighed at birth
DHS index:
Mozambique – Urban 42.2% 66.1% 68.1% 84.2% 96.5% 83.0% 0.103 1914
Mozambique – Rural 39.6% 44.5% 50.4% 60.1% 81.3% 48.3% 0.102 2990
Mozambique – Overall 39.8% 47.1% 53.8% 70.0% 93.8% 58.3% 0.172 4904
P2C index:
Mozambique – Urban 70.5% 74.6% 77.8% 84.6% 95.2% 83.0% 0.064 1914
Mozambique – Rural 43.2% 44.7% 49.5% 51.1% 61.7% 48.3% 0.062 2990
Mozambique – Overall 47.7% 51.5% 56.1% 62.9% 79.8% 58.3% 0.101 4904
Secondary education
DHS index:
Maputo City n/a n/a n/a 13.3% 47.4% 46.2% 0.287 1948
Mozambique – Urban 1.4% 3.2% 9.0% 15.4% 45.9% 31.0% 0.406 6960
Mozambique – Rural 0.6% 1.4% 2.1% 9.0% 23.9% 3.7% 0.606 7228
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ADDITIONAL RESULTS
To examine further the P2C approach, data sets from four countries, for which a MICS data set from the same 
round as that of the previously analysed Mozambican data set was available – using the original DHS meth-
od with a single PCA – and for which economic data published by the World Bank [49] for the same survey 
year were available as well, were analysed. These are Ghana 2006 [50], Vietnam 2006 [51], Mongolia 2005 
[52] and Albania 2005 [53] (Tables S1 and S2 in the Online Supplementary Document). All four scree plots 
support the inclusion of the 2nd principal component in the index except perhaps that for Vietnam, where 
evidence for the need for the 2nd component is weaker. For all four P2C PCAs, over 50% of the variation ex-
pressed by the variables is captured by the first two principal components: 56% for Ghana, 52% for Vietnam, 
60% for Mongolia and 57% for Albania (data not shown). Furthermore, in all four countries, the P2C method 
produces higher, more plausible, proportions of urban poor and rural wealthy than the DHS approach (Table 
S2 in the Online Supplementary Document). This is noteworthy as the countries analysed here have rather 
different profiles, including one (Albania) with much lower levels of absolute poverty than the others. In the 
years of the surveys, Albania had less than 8% of its population living on less than US$2/d, while the other 
three countries all had about 50%.
As previously mentioned, DHS has in recent years in-
troduced a new composite wealth index which uses 
three PCAs instead of one, in an effort to improve the 
performance of the index and reduce the urban bias. 
Results from this newer (composite) approach have 
been published in DHS reports from 2011 onward. 
We examined four DHS surveys implemented on the 
African continent that have used this composite DHS 
wealth index and which include results for large urban 
centres allowing us to assess the urban bias. We com-
pared the published results with those of the P2C in-
dex proposed in this paper. These are Cameroon 2011 
[54], Ethiopia 2011 [55], Uganda 2011 [56] and Côte 
d’Ivoire 2011-12 [57]. Figure 5 compares the distri-
butions of the new (composite) DHS and P2C wealth 
quintiles for these four countries. These are in many 
ways comparable to Figure 4 as far as the two indi-
ces are concerned and clearly indicate that the urban 
bias still persists under the composite DHS approach, 
with implausibly low proportions of individuals in the lowest quintiles in large urban centres, as was the case 
with the original DHS index using a single PCA. The P2C approach continues to give more credible estimates 
of the proportions of urban poor.
Table 7 summarizes the distribution by wealth quintiles of the populations of six large, strictly urban areas 
extracted from the eight above-mentioned data sets: Greater Accra (urban) in Ghana, Ulaanbaatar in Mongo-
lia, Douala/Yaoundé in Cameroon, Abidjan in Côte d’Ivoire, Addis Ababa in Ethiopia and Kampala in Ugan-
da. The P2C approach generally identifies more credible proportions of urban poor in those large urban ar-
eas than the DHS method including the four cases where the new composite DHS index method was used 
(marked with an asterisks).
Women 15-49 age group
Wealth quintiles
All Conc. index n1st (poorest) 2nd 3rd 4th 5th (wealthiest)
P2C index:
Maputo City (*) 15.6% 19.9% 27.6% 57.1% 46.2% 0.267 1948
Mozambique – Urban 6.4% 10.6% 15.3% 24.0% 52.6% 31.0% 0.375 6960
Mozambique – Rural 1.2% 2.2% 3.0% 5.1% 11.5% 3.7% 0.421 7228
Mozambique – Overall 2.1% 4.2% 6.4% 12.8% 39.1% 13.6% 0.545 14188
n/a – not available, MICS – Multiple Indicator Cluster Survey, DHS – Demographic and Health Surveys. P2C – polychoric dual-compo-
nent wealth index, conc. – concentration, n – sample size
*Result suppressed due to small sample size. Results for Maputo City not shown for first two indicators due to small sample size in low-
er quintiles.
Table 6. Continued
Figure 5. Distribution of population by new (composite) DHS and P2C wealth 
quintile −4 countries.
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In the case of Kampala, the composite DHS index assigns an unlikely 91% of its population to the highest quin-
tile and less than 2% cumulatively to the three lowest quintiles. The P2C index, on the other hand identifies 
5% of Uganda capital’s population as being in the lowest quintile, 9% in the second and 13% in the middle 
quintiles. Similar comparisons can be made for the other large urban areas shown in Table 7. The most ex-
treme case is that of Addis Ababa for which the composite DHS method assigns 99% of the population to the 
highest quintile, while the approach proposed in this paper assigns 84%; while such a distribution appears 
unrealistic, the P2C estimates are nevertheless closer to those of Ethiopia’s 2010/11 HCE survey [58], which 
place 64% of Addis Ababa’s population in the wealthiest national household expenditure quintile.
DISCUSSION
The detailed Mozambican example helps us appreciate the effects of the various techniques used in the P2C 
approach, while the additional examples substantiate its relevance to a wider range of data sources.
Table 3 illustrates how the ambiguously interpretable 2nd second principal component from the PCA of the 
Mozambican data set gives way to one clearly expressing rural characteristics of wealth once ordered categor-
ical variables are used instead of binary (dummy) variables from a standard DHS approach. This supports the 
argument of Kolenikov and Angeles [29,30] that the conversion of categorical into indicator variables intro-
duces spurious correlations and, consequently, artificially modifies the orientation of the axes of the principal 
components. Ordered categorical variables are also best suited to a polychoric PCA.
Table 4 illustrates how in a polychoric PCA each category of ordinal variables receives a specific coefficient, 
including the negative answers of yes/no binary variables. As indicated in the Results section, very substantial 
gains are registered in the proportion of variance explained by the leading principal components when we run 
a polychoric instead of a standard PCA. Further gains are registered when variables contributing little to the 
underlying concept of asset-based wealth are dropped by the SMC procedure, in addition to eliminating the 
noise such inappropriate variables may produce in the results.
Table 4 also demonstrates how the polychoric results are more coherent than those of the standard PCA. The 
coefficients of ordered categories consistently progress in the expected direction from the ownership of less 
valuable to more valuable assets. A key observation is that when taking jointly the coefficients of the first two 
principal components (adding one to the other), the ownership of each and every binary and continuous asset 
is associated with a positive overall coefficient, which is not always the case when only the 1st principal com-
ponent is used. Such a finding lends further support to the theoretical arguments in favour of combining both 
the 1st and 2nd principal components in the wealth index.
The findings presented in this paper indicate that, at least in the data sets that we analysed that have used the 
new DHS approach, urban bias continues to be a serious problem. Indeed, some of the DHS surveys that have 
used this new method openly acknowledge in their report that there is little difference between the wealth 
indices derived through the traditional DHS method and the new one [57,59,60]. The substantial urban bias 
Table 7. Distribution of population by DHS and P2C wealth quintiles — 6 large urban areas
Sub-population n
Wealth quintile (individuals)
1st (poorest) 2nd 3rd 4th 5th (wealthiest)
DHS wealth quintiles
Greater Accra (urban), Ghana 2006 2795 0.0% 0.0% 6.1% 26.8% 67.1%
Ulaanbaatar, Mongolia 2005 9084 0.4% 6.5% 22.2% 34.5% 36.3%
Douala/Yaoundé, Cameroon 2011* 2394 0.0% 0.0% 5.6% 31.9% 62.4%
Abidjan, Côte d’Ivoire 2011-12* 1137 0.0% 0.2% 9.0% 37.1% 53.7%
Addis Ababa, Ethiopia 2011* 1524 0.3% 0.2% 0.1% 0.4% 98.9%
Kampala, Uganda 2011* 1062 0.0% 0.3% 1.2% 7.7% 90.8%
P2C wealth quintiles
Greater Accra (urban), Ghana 2006 2795 2.2% 7.0% 11.6% 26.8% 52.4%
Ulaanbaatar, Mongolia 2005 9084 6.8% 13.6% 19.7% 25.4% 34.5%
Douala/Yaoundé, Cameroon 2011 2394 1.2% 5.6% 15.9% 27.3% 50.0%
Abidjan, Côte d’Ivoire 2011-12 1137 1.5% 6.3% 19.0% 31.4% 41.7%
Addis Ababa, Ethiopia 2011 1524 0.2% 1.3% 3.2% 11.2% 84.1%
Kampala, Uganda 2011 1062 5.2% 9.0% 13.3% 19.8% 52.6%
DHS – demographic and health surveys, P2C – polychoric dual-component wealth index, n – sample size
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persisting in the DHS wealth index is clearly demonstrated in the results of the six large urban centres shown 
in Table 7, particularly the four series related to the surveys using the most recent composite approach for 
calculating the DHS index: Douala/Yaoundé, Abidjan, Addis Ababa and Kampala. In each of those four large 
urban populations, the DHS index assigns less than 1% of the population to the lowest two quintiles joint-
ly; even the 3rd quintile is poorly represented. The same table demonstrates how the P2C index assigns more 
plausible proportions of urban populations to those quintiles. In the case of Maputo, the capital of Mozam-
bique, Figure 4 demonstrates how, at the population level, the P2C index is in good agreement with expen-
diture data from the same year, in sharp contrast with the DHS index, suggesting that the proposed approach 
largely redressed the urban bias. These results argue against the claim that is sometimes made that the reason 
the DHS index often finds very small proportions of poor in large cities is because in low and middle income 
countries the poorest urban dwellers generally tend to be better off than most people in rural areas [61]. We 
rather believe that the substantial underestimation of the proportion of urban poor using the DHS approach 
essentially reflects a problem with the methodology, not the lack of poor in urban settings.
While this paper does not address policy implications in detail, the results presented in Table 6 suggest that 
with respect to at least some indicators the DHS index tends to over-estimate differences between rich and 
poor, as it confounds urbanicity with wealth. Consequently, using a wealth index that is less biased than the 
one currently used has potentially important implications for policy makers, particularly given the worldwide 
attention on reducing inequalities in the pursuit of the SDGs.
This study is subject to a number of limitations. Overall, more extensive analyses, using larger numbers of data 
sets from different socio-economic contexts, are required to further evaluate the P2C approach and better un-
derstand the implications for evidence-based policy that might derive from using an improved, less (urban) 
biased, measure of socio-economic status as proposed here. Further comparisons of the P2C results with ex-
penditure and/or income measures of socio-economic status are also warranted.
Some details of the proposed approach also deserve additional research. These include experimentation to de-
termine how sensitive PCA results are to different choices of cut-off for the SMC procedure. While a number 
of papers have already been published on the use of a polychoric PCA for wealth indices, further studies will 
help improve our understanding of its benefits and potential disadvantages. Last but not least, more research is 
required into the benefits of using two, possibly more, principal components in the calculation of asset-based 
wealth indices, as the key technical innovation proposed by the P2C approach.
The presumption, in the case of an asset-based wealth index, is that the variables included in the analysis are 
directly related to wealth through their investment cost. However, it can be argued that other unmeasured fac-
tors influence the acquisition of assets such as availability, accessibility, convenience, and the like. The meth-
od proposed in this paper does not directly account for such factors.
CONCLUSIONS
Equity is receiving increasing attention from public institutions, even more so since the adoption of the sus-
tainable development goals. Producing valid assessments of equity obviously requires valid measures of so-
cio-economic status. We have presented theoretical arguments and practical examples to support our conten-
tion that the approach currently widely used to calculate asset-based wealth indices has important limitations, 
with a strong bias towards urban patterns of wealth. We propose an alternative approach which differs from 
the standard one in four respects. First, instead of replacing each categorical variable with several binary dum-
my variables, it requires ordered categorical variables, where applicable, to be used in the analysis. Second, 
our approach uses a polychoric PCA rather than the standard PCA based on Pearson correlation coefficients. 
Third, we use an SMC procedure to filter out variables contributing little to the characterization of asset-based 
wealth. Fourth, our approach combines the first two principal components rather than using only the first 
principal component.
We have shown that the polychoric dual-component method can be easily applied in mainstream surveys such 
as the MICS and DHS, as well as in epidemiological studies, and that it yields credible results. Indeed, we be-
lieve that the polychoric dual-component approach produces more credible distributions of wealth for the rural 
and urban subpopulations than either the standard or the composite DHS index methods. We believe the im-
proved performance of the method proposed in this paper results from the elimination of spurious correlations 
produced by the use dummy variables, the additional information included in the ordinal variables, the better 
correlation estimates produced by the polychoric approach, the elimination of irrelevant variables through the 
SMC procedure, and, last but not least, the additional information provided by the 2nd principal component.
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